The role of DNA methylation in development, divergence, and the response to 17 environmental stimuli is of substantial interest in ecology and evolutionary biology. Measuring 18 genome-wide DNA methylation is increasingly feasible using sodium bisulfite sequencing. Here,
Introduction

36
DNA methylation -the covalent addition of methyl groups to cytosine bases -is a gene 37 regulatory mechanism of well-established importance in development, disease, and the 38 response to environmental conditions 1-3 . In addition, shifts in DNA methylation are thought to 39 contribute to the speciation process and the evolution of trait differences between taxa 4-6 , in 40 support of the idea that gene regulation plays a key role in evolutionary change. Because of its 41 contribution to phenotypic diversity, interest in DNA methylation from the ecology and sequencing, producing data sets that are collectively termed "bisulfite sequencing data." These 48 data have properties (discussed in the following section) that differ in key ways from other analyses have been published for human disease case-control studies 18, 20 , comparable information is not readily available for most other settings. Small or moderate epigenetic To aid researchers in choosing appropriate sample sizes, we estimated effect sizes in 142 data sets from plants, hymenopteran insects, and mammals that address a range of ecological 143 and evolutionary questions, including: (i) developmental and demographic effects (eusocial 144 insect caste differentiation 35 ; age 31 ); (ii) ecological effects (resource availability, including both 145 large differences 40 and more modest ones 31 ); (iii) genetic effects (cis-acting methylation 146 quantitative trait loci 41 ); and (iv) species differences 42, 43 (Table 1) . For comparison, we also 147 include a data set contrasting cancer cells with normal tissue from the same donors 21 , which 148 produces some of the largest effect sizes for differential methylation observed to date.
149
We first reanalyzed each data set using a uniform analysis pipeline (Supplementary 150 Materials) and estimated two measures of effect size: (i) the mean difference in methylation 151 levels between groups of samples, for binary comparisons (Figure 2A ) and (ii) the proportion of 152 variance explained by the variable of interest ( Figure S2 ). This analysis provides an empirical 153 picture of how effect size distributions vary across study types. For example, local genetic 154 variants tend to have large effects on DNA methylation levels, while environmental effects are 155 consistently more modest (Figure 2A ; Figure S2 ). To understand how these differences impact 156 power, we simulated bisulfite sequencing data sets across a range of typical effect sizes and Table S1 ). For example, to identify sites where the predictor variable explains 15% of the 164 variance in DNA methylation levels (a mean difference between sample groups of 13-14% in 165 our simulations) with 50% power requires an estimated 125 samples (250 samples for 80% 166 power and 500 samples for 95% power). To accommodate the costs of larger sample sizes, we 167 recommend reducing per sample read depth or choosing a reduced representation or capture-168 based approach rather than WGBS. However, we strongly recommend against pooling DNA 169 samples from multiple individuals into a single library, as this approach reduces power by 170 collapsing the number of biological replicates available for analysis. Global analysis approaches is particularly useful when a predictor variable is associated with small changes in DNA For example, in two published data sets (focused on the epigenetic effects of dominance sample sizes were very small. The macaque study (n=3 high-ranking versus n=3 low-ranking 179 animals) did not attempt site-by-site analysis, while the raider ant study (n=4 pools of 180 reproductive phase ants versus n=4 pools of brood care phase ants) found no evidence for 181 caste effects on DNA methylation using site-by-site paired t-tests. As shown in Figure 2B (see 182 also Figure S4 ), this result could have stemmed from low power. In support of this possibility, 183 global analysis separates the sample groups of interest in both data sets. Specifically, the 184 macaque study reported that hierarchical clustering distinguishes between high-ranking (n=3) component 3 (t-test for separation along PC 3: p=0.022; Figure 2C ). Together, these results related individuals or complex population structure. Accounting for these sources of variance is 195 important because DNA methylation levels are often heritable 41, [44] [45] [46] . In humans, where genetic 196 effects on DNA methylation have been best studied, genotype-DNA methylation associations 197 have now been reported for tens of thousands of CpG sites 33,47-49 , with average heritability 198 levels of 18%-20% in whole blood 45, 46 . As a result, more closely related individuals will tend to 199 exhibit more similar DNA methylation patterns than unrelated individuals. Analyses that do not 200 take genetic relationships into account can therefore produce spurious associations if the 201 predictor of interest also covaries with kinship or ancestry. For example, samples are often 202 collected along transects where climatic variables (e.g., temperature, altitude, rainfall) covary 203 with genetic structure 41,50 . Genetic effects on DNA methylation could thus masquerade as 204 climatic effects if genetic sources of variance are not also modeled.
205
Fortunately, this problem is structurally parallel to problems that have already been 206 addressed in genotype-phenotype association studies, phylogenetic comparative analyses, and 207 research on other functional genomic traits. The most straightforward solution is to use mixed 208 effects models, which can incorporate a matrix of pairwise kinship or shared ancestry estimates 209 to account for genetic similarity (Box 1). Specifically, this matrix is treated as the variance-210 covariance matrix for the heritable (genetic) component of a random effect variable (the 211 environmental component is usually assumed to be independent across samples, so its 212 variance-covariance is given by the identity matrix). The kinship matrix thus contributes to the 213 predicted value of a heritable response variable, but does not affect the value of nonheritable 214 response variables. Notably, while most approaches for controlling for relatedness implement linear mixed models that are only appropriate for continuous response variables 51-53 , recently 216 developed binomial mixed models can be used to achieve the same task using count data 30 217 (Box 1). These approaches avoid the need for transforming bisulfite sequencing data from 218 counts to proportions or ratios, thus preserving information about sequencing depth for each 
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To provide some intuition about how the distribution of DNA methylation levels vary 231 across taxa, we synthesized data from published studies of flowering plants, hymenopteran 232 insects, canids, humans, and non-human primates (Table 1) . We estimated the mean and 233 variance of DNA methylation level for each CpG site in each data set ( Figure 3A-B ; Figure S5 ), 234 and used these values to simulate new data sets for power analyses (Supplementary Materials).
235
We were particularly interested in understanding the impact of variance on power because it is 236 unlikely that a predictor variable of interest will significantly explain variation in DNA methylation 237 levels at a locus where there is little variation to begin with. Importantly, the degree to which 238 genomes are composed of relatively monomorphic (low variance) versus high variance sites 239 systematically varies due to both taxon and sequencing strategy ( Figure 3A -B, Figure S5 ). methylation in bisulfite sequencing data is limited by variance. Specifically, for any given sample required to produce the observed levels of differential methylation are not biologically plausible, 294 tissue heterogeneity is unlikely to completely explain observed differentially methylated sites 6 .
295
Finally, if data from sorted cell populations are unavailable, researchers can apply 296 methods that account for cell type heterogeneity without the need for reference information 62-64 .
297
However, caution is warranted, as some methods make implicit assumptions that may be 298 violated in a given data set. For example, the program FaST-LMM-EWASher controls for cell 299 type heterogeneity by (i) subsetting the data set to focus on the sites most strongly associated 300 with a predictor variable of interest, and then (ii) calculating pairwise covariance between 301 samples using only these sites. The resulting covariance matrix is included as a proxy for 302 covariance in cell type composition in a mixed effects model 62 . However, FaST-LMM-EWASher 303 makes two important assumptions: that most apparent cases of differential methylation are 304 driven by cell type composition effects, and that true positive associations are therefore both 305 rare and of large effect. These assumptions may hold in some studies, but when violated, this 306 approach can substantially reduce power. For example, an analysis of resource base effects in 307 baboon whole blood identified an association with DNA methylation levels at 1014 sites, after 308 ruling out tissue heterogeneity confounds based on blood smear counts and comparisons 309 against purified cell populations 31 . In comparison, FaST-LMM-EWASher detected a single 310 differentially methylated site in the same data set. Alternative programs that account for cell type 311 heterogeneity while making fewer assumptions (e.g., RefFreeEwas 64 or SVA 63 ) may thus be 312 more appropriate. However, we caution that while such approaches can help control for 313 variance due to cell type heterogeneity, none can overcome systematic confounding between 314 cell type composition and a predictor of interest.
316
Conclusions and tools
case-control studies in model systems) and in systems that boast extensive genomic resources (e.g., humans). However, for ecologists and evolutionary biologists, these approaches often 321 become most exciting when they can be extended to a much more diverse set of species and 322 populations-even if these extensions come with complications. We believe that the biological 323 insights to be gained from studies of DNA methylation in diverse taxa have substantial potential.
324
However, maximizing the yield from these studies will require careful consideration of taxon-325 specific characteristics, the use of analysis methods appropriate to a data set's structure, and 326 realistic assessments of power. In particular, our results reveal that, with sample sizes that are 327 currently feasible for many ecologists and evolutionary biologists, differential methylation 328 analyses will tend to be moderately or lowly powered. Such studies may still have the potential 329 to reveal interesting and important biology. However, researchers should be aware that they are 330 likely to detect only the largest effect sizes (as is also true for other types of genomic analysis 65 ), 331 and should consider this bias when drawing biological conclusions.
332
Finally, to help quantify how sample size, effect size, population structure, and modeling 333 approach affect bisulfite sequencing data analysis, we have developed an R Shiny application 334 to perform power analyses like those presented here. This app allows bisulfite sequencing data 335 to be simulated with user-specified properties, is coupled with a set of statistical analysis options 336 to evaluate study power, and outputs the simulated count data for maximal flexibility. The app is 337 freely available at www.tung-lab.org/protocols-and-software.html. 
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Beta binomial regression. To account for overdispersion, beta binomial regressions 536 have been proposed for bisulfite sequencing data [14] [15] [16] . Here, the parameter ! from the binomial 537 setting (equation 1) is itself treated as a random variable that follows a two-parameter beta 538 distribution.
539 540
The beta distribution is then re-parameterized as a beta binomial with parameters ! , ! (equal 542 to ! /( ! , + ! )), and to capture overdispersion.
543 544
Here, ! is the analog of the binomial probability of success ( ! ) and can be interpreted 546 as the underlying true methylation level (note that the binomial distribution is a special case of 547 the beta binomial distribution when =0). ! is passed through a logit link function in order to 548 transform probability values (which are bounded between 0 and 1) to a continuous space for 549 linear modeling. Transformed values are modeled as a function of an intercept ( ! ), the 550 predictor variable of interest ( ! ), and its effect size ( ! ).
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Linear mixed effects models. While beta-binomial regressions have become a popular 552 tool for modeling bisulfite sequencing data, these models are not appropriate for data sets that 553 contain related individuals or population structure. Such data sets require approaches that can 554 account for genetic covariance (i.e., nonindependence) among samples, such as linear mixed 555 effects models.
557
Here, is a vector of continuously distributed methylation levels (obtained by normalizing / ) 559 and is a vector of random effects with a covariance structure determined by the genetic 560 relatedness among individuals in the sample (described by , a user-defined n x n pairwise 
